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Scientific discoveries are increasingly driven by analyzing large volumes of data. Advances in

data collection and storage technologies, availability of cloud compute resources, and better algo-

rithms and readily available open-source libraries are responsible in equal measure for this phe-

nomenon. Large proportion of scientific data is in form of images as many scientific instruments

such as telescopes, microscopes, satellites, x-rays, MRIs, etc. produce data in image formats.

However, commercial systems have paid scant attention to scientific image analysis workloads and

as a result scientists working with images spend a lot of effort building bespoke and often fragile

support for such analyses.

In this dissertation, we first evaluate several popular systems on scientific image analysis work-

loads. We then perform an in-depth image analysis, which yields novel results in ophthalmology.

Finally, we use our findings to propose a novel technique to ease some of the data management

burden associated with scientific image analysis, specifically debugging of deep neural networks.

Specifically, first we assess existing big data systems and frameworks for suitability of scientific

image analyses workloads. We evaluate five representative systems (SciDB, Myria, Spark, Dask,

and TensorFlow) both qualitatively (ease of use) and quantitatively (scalability and performance)

on two real-life image analysis use cases from astronomy and neuroscience. We find that each of

them has shortcomings that complicate implementation or hurt performance.

Next, we propose a new, comprehensive, and more accurate ML-based approach for population-



level glaucoma screening. In this project we embed ourselves in the process of scientific discovery

by analyzing a publicly available large dataset to further the state of art in ophthalmology. Our

model is highly accurate (AUC 0.97) and interpretable. It validates biological features known to be

related to the disease, such as age, intraocular pressure and optic disc morphology. Our model also

points to previously unknown or disputed features, such as pulmonary capacity and retinal outer

layers.

Finally, we utilize lessons from building interpretable deep learning models for automated glau-

coma detection to propose a novel sampling technique for deep learning model diagnosis. Our

experience demonstrated that scientists utilizing deep learning often spend majority of their time

managing the data associated rather than focusing on science. Our sampling technique seeks to

reduce the data management burden for scientist working on such analyses, making the process of

deep learning model diagnosis simpler and more efficient.
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Chapter 1

INTRODUCTION

“Begin at the beginning,” the King said, very gravely, “and go on till you come to the end: then

stop.”

– Lewis Carroll

“Scienti�c breakthroughs will be powered by advanced computing capabilities that help researchers

manipulate and explore massive data sets.”

– Jim Gray, The Fourth Paradigm

With advances in data collection and storage technologies, data analysis has been heralded

as the fourth paradigm of science after empirical evidence, scienti�c theory, and computational

science [61]. Scienti�c discoveries are increasingly driven by analyzing immense volumes of data.

Many of these massive and varied data sets are publicly available. For example, UK Biobank [184]

an international health resource that strives to improve prevention, diagnosis, and treatment of a

wide range of life-threatening illnesses recruited 500,000 people between 40-69 years in 2006-

2010; these participants underwent clinical assessment, provided blood, urine, and saliva samples

for future analysis, and gave detailed information about themselves, agreeing to have their health

followed over time. The size of this data is staggering: Magnetic Resonance Imaging (MRI) data

alone contains over 200 TB [119]. This data is being used by over 13,000 researchers working in

more than 1375 institutes in 68 countries across the globe [184]. Another example is the Large

Synoptic Survey Telescope (LSST), a large-scale international initiative to build a new telescope
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for surveying the visible sky [107], which plans to collect 60PB of images over 10 years. In

previous astronomy surveys (e.g., the Sloan Digital Sky Survey [158]), an expert team of engineers

processed collected images on dedicated servers, and results were distilled into textual catalogs for

other astronomers to analyze. In contrast, LSST seeks to broaden access to the collected images

for astronomers around the globe, enabling them to run analyses directly on the images.

These initiatives have become the norm. Many other programs are similarly making vast collec-

tions of data available to researchers [5, 87, 179]. In a broad range of scienti�c �elds, an increasing

portion of this data consists of images [82, 83].

1.1 Image Analytics

Image analyticsinvolves extracting meaningful information from image data. Scienti�c instru-

ments (such as telescopes, microscopes, satellites, x-rays, MRIs, etc.) record data in image form.

Analyzing these scienti�c images requires performing tasks such as: (1)cleaning images, or re-

moving background noise and instrument artifacts, (2)�nding areas of interest, which involves

automated segmenting or inferring areas of interest using a labeled image set, and (3)combining

images, which requires stacking two-dimensional images to form a three-dimensional volume or

stitching multiple over-lapping smaller images to generate a combined larger one. Once these and

other tasks are completed, scientists can extract speci�c properties of interest and use the processed

images to enhance further scienti�c discovery.

For instance, astronomers use telescope images to create a sky map. Their analysis requires

loading images from Flexible Image Transport System (FITS) �les; FITS is an open standard

de�ning a digital �le format useful for storage, transmission and processing of data. Scientists

then process the images, which involves cleaning them by normalizing pixel values according

to minimum and maximum intensities observed across the full sky; transforming the images by

mapping their pixels to a new pixel grid; merging images across multiple observations to remove

temporary artifacts; and rendering a sky map at the desired resolution with interpolation. Image

analysis tasks include performing operations such as spatial joins, slicing, dicing, roll-ups, stencil

operations (over sliding windows) and complex user-de�ned functions expressed in higher level
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languages such as Python. This type of analysis is computationally intensive. As larger volumes

of data are collected, scientists need to scale their image processing use cases.

However, systems for storing, managing, and analyzing 'big data' do not support image data

and the associated scienti�c image analysis work�ows, as we next describe.

1.2 Big Data Systems

Big data systems are characterized by their ability to store, manage and systematically extract in-

formation from, or otherwise deal with, data sets that are too large or complex to be dealt with by

traditional data-processing application software [194]. A “big data system” describes any database

management system or cluster computing library that provides parallel processing capabilities on

large amounts of data as well as scalable and ef�cient ways to store and analyze such data via

programming models that are easily used by domain scientists (e.g., astronomers, physicists, bi-

ologists). Most big data systems aim to support massive scale and high- speed data processing.

Examples of popular big data systems include open-source systems such as Hadoop, Spark, and

Cassandra [167, 68, 33].

Current big data systems are built and optimized for primitive data types, such as integers, �oats

and strings. Utilizing these existing systems for dense, high-dimensional data, such as images,

poses critical performance and usability challenges. These challenges include ingesting, storing,

and managing a smaller number of larger data items as opposed to a large number of smaller data

items. Additionally, as noted, image analytics workloads require complex computations. These

computations cannot be expressed using relational operators; they instead require complex, user-

de�ned operations in high-level languages such as Python and R. Such use cases emphasize the

need for effective systems to support the management and analysis of image data: systems that

are ef�cient, scale effectively, and are easy to program without requiring deep systems expertise to

deploy and tune.

Surprisingly, scant research from the data management community addresses building systems

to support large-scale imagemanagement and analytics. Rasdaman [152] and SciDB [156] are two

well-known DBMSs that specialize in the storage and processing of multidimensional array data
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Figure 1.1: Top-5 error rate (percentage) on image classi�cation on ImageNet data.

and are a natural choice for implementing image analytics. Besides these systems, most other work

targets predominantly image storage and retrieval based on keyword or similarity searches [55, 32,

35] and does not support the image analysis use cases described above.

1.3 Deep Learning

Deep learning (DL) is an important tool scientists use to work with images. No discourse on large-

scale image analytics is therefore complete without discussing its contributions. Here, we describe

deep learning in the context of image analyses and data management support required to build,

diagnose and explain deep learning image models.

Deep learning is a subset of machine learning where arti�cial neural networks, viz., algorithms

inspired by the human brain, learn from large amounts of data. Compared to the traditional ap-

proach, i.e., selecting featuresbeforetraining a model, deep learning features are not manually

given but rather learned post hoc and automatically from the input data, which is arranged in

dense, high-dimensional numerical arrays (e.g., images, audio, and text). It is with this kind of

data that deep learning has achieved paradigm-shifting performance. For instance, deep learning

models outperform humans in classifying images from the ImageNet data set [84, 85], a com-
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monly used benchmark for convolutional architectures, showing better-than-human performance

(seeFigure 1.1).

Deep learning is a data-hungry workload [69]. The rule of thumb is that training should use

10X as many data samples as the number of dimensions of the input data [183]. For a200�

200 � 3 image, this results in 1.2 million data samples. Additionally, machine learning is an

iterative process. A machine learning (ML) practitioner must build and tune dozens of models

before selecting one. Selection ultimately depends on measures such as accuracy being applied

to a test data set that is new to the deep learning model. Selecting thebestmodel means that the

practitioner must run many experiments, each resulting in a candidate model. Each experiment may

vary model hyper-parameters, which include: learning rate (step size of how much model weights

are changed in each iteration), number of epochs (number of times that the learning algorithm

will work through the entire training data set), or other strategies, such as different loss functions

(optimization objective for learning), regularization strategies (explicitly designed to reduce the

test error) or model architectures (number, width and type of layers). While such iterative work is

true of any machine learning model, using high-dimensional input data takes longer to train deep

learning models, which exacerbate the problem.

An enduring criticism of deep learning models is their black-box nature. This opacity presents

a barrier to adoption of these models in applications such as medical diagnosis, where it is essential

that models be easily explainable. Additionally, practitioners ask certain questions when a model

does not produce desired results: ”Why did the model incorrectly classify a data instance?” or

”Why is the model's accuracy so low?” Conversely, when a model performs well, they want to

know, ”What did the model learn to achieve such high accuracy?”

Answers to these questions in the context of interpretability and diagnosis requires access to

artifacts, such as model activations and gradients. Activation values, oractivations, are learned rep-

resentations of input data.Gradientsare partial derivatives of target output (e.g., the true label of

the input data) with respect to input data. These artifacts are essentially high-dimensional vectors

of �oating-point numbers that encapsulate how deep learning models represent input data (acti-

vations) and what parts of the input data they consider important (gradients). Pre-computing and
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storing all artifacts required for model diagnosis is a naive solution, one that scales prohibitively as

the product of input data size and the number of parameters of the deep learning model increases.

For instance, consider a VGG-16 [190] model trained on CIFAR-10 [41]. CIFAR-10 is a moderate-

sized data set with 60k images,32� 32� 3 pixels each; VGG-16 [190] is a deep learning model

with 22 layers and33; 638; 218learned parameters. Storing the activations for ten experiments of

training CIFAR-10 data on a VGG-16 models results in350GB of data.While the total size of

the artifacts for small data sets and models may be manageable, an overhead that is three orders of

magnitude larger than the input data per model adds a signi�cant burden of data management on

the ML practitioner.

1.4 Contributions and Thesis Outline

This doctoral research and the thesis based on it make the following contributions to understanding

of scienti�c image data processing and management:

1. We assess big data systems in terms of their ability to support image analytics workloads

(Chapter 2).

2. We extend the state-of-the-art in ophthalmology by building an interpretable model for au-

tomated glaucoma detection (Chapter 3).

3. We develop new techniques for reducing the data management burden imposed by deep

learning model diagnosis (Chapter 4).

Our �rst project investigates the ef�cacy of existing big data systems for large-scale image

analytics. We assess �ve existing open-source big-data systems to evaluate their suitability for

image processing tasks and outline the resultingchallenges and opportunitiesfor large-scale image

analytics. The assessment criteria are both qualitative (ease of use) and quantitative (scalability and

performance).
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The second project introduces a new, comprehensive, and more accurate ML-based approach

for population-level glaucoma screening. This approach is based on building multiple deep learn-

ing models on different retinal image modalities and combining them with clinical data to create

ensemble modelsthat are both highly accurate and explainable.

In the third and �nal project, we draw upon our experience building an automated disease

detection model to propose anew sampling techniquethat reduces the data management burden,

thereby making the process of building and diagnosing deep learning models simpler and more

ef�cient. We discuss Related Work in Chapter 5 and conclude our inquiry in Chapter 6. We now

describe each contribution in more detail.

1.4.1 Comparative Evaluation of Big-Data Systems for Large-Scale Image Analytics

In Chapter 2, we describe in detail our research that evaluates the suitability of large-scale data

systems and frameworks for the scienti�c data analysis of images. Our goal was to assess where

current big data systems perform well and where they fall short in their utility for image analytics.

We investigated two real-world scienti�c image data processing use cases for this evaluation. The

�rst use case takes as input diffusion MRI (dMRI) images of a human brain, which are cleaned,

segmented and then used to build a model of brain connectivity. The second use case takes as input

telescope images of the sky over multiple observations, which are cleaned, aligned and combined

to create a comprehensive sky map.

The key questions we ask in this assessment are (1) How well do existing big data systems

support the management and analysis requirements of real scienti�c image processing workloads?

(2) Is it easy to implement large-scale image analytics using these systems? (3) How ef�cient are

the resulting applications built atop such systems? (4) Do these systems require deep technical

expertise to optimize?

We chose �ve big data systems for parallel data processing: a domain-speci�c DBMS for

multidimensional array data (SciDB [156]); a general-purpose cluster computing library with per-

sistence capabilities (Spark [167]); a traditional parallel general-purpose DBMS (Myria [70, 193]);

and a general-purpose (Dask [154]) and domain-speci�c (TensorFlow [4]) parallel-programming li-



8

brary. We selected these systems because they have open-source implementations, can be deployed

on commodity hardware, support complex analytics (such as linear algebra and user-de�ned func-

tions), use the scienti�cally popular Python language for APIs [136], and have different internal

architectures so we could evaluate the performance of different implementation paradigms.

Implementing both use cases on �ve systems was not always straight-forward and occasion-

ally required completely re-writing the reference implementation provided by the scientists. The

use cases themselves had important similarities: input data was in the form of multidimensional

arrays encoded in domain-speci�c �le formats (FITS [57], NIfTI [130], etc.); data processing in-

volved slicing along different dimensions, aggregations, stencil (a.k.a. multidimensional window)

operations, spatial joins and complex transformations expressed in Python.

Our analysis showed that leveraging the bene�ts of all systems requires deep technical ex-

pertise. For these systems to better support image analytics in domain sciences, they must si-

multaneously provide comprehensive support for multidimensional data and high performance for

UDFs/UDAs written in popular languages (e.g., Python). Additionally, they must completely au-

tomate data and compute distribution across clusters and provide memory management in order to

eliminate all possible sources of out-of-memory failures. Overall, we argue that current systems ad-

equately support image analytics, but they also reveal new opportunities for further improvements

and future research. The ability to use existing domain-speci�c code to perform sophisticated and

dif�cult-to-rewrite operations, combined with the ability to automatically parallelize computation

(by reasoning over multi-dimensional arrays) without having to manually create and process col-

lections of image fragments, will make it easier for scientists from all �elds to use these systems. It

will also reduce the now effortful work of creating and maintaining bespoke and fragile solutions

to support scienti�c image analysis.

As a precursor to this evaluation, we extended Myria with support for (1) large binary objects

(BLOBs) as a native data type, and (2) user-de�ned functions (UDF) and aggregates (UDA) in a

higher level language (e.g., Python) used in CIDR'17 [193]. The comparative evaluation study was

published at VLDB'17 [116].
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Figure 1.2: Illustration of an eye with glaucoma.

1.4.2 Automated Detection of Glaucoma in Multi-Modal Images

In Chapter 3 we present a new, comprehensive, and more accurate ML-based approach for population-

level glaucoma screening. This project had two goals. First, we wanted to create a new and in-

terpretable approach for detecting glaucoma using both clinical measurements as well as retinal

images of multiple modalities. Second, we sought to understand the challenges inherent in build-

ing interpretable deep learning models by working on a real-life problem with domain experts to

leverage their knowledge about useful systems and techniques for deep learning workloads.

Glaucoma, the leading cause of irreversible blindness worldwide, affects approximately 76

million people (2020) and is predicted to affect nearly 111.8 million by 2040 [178]. The risk

of glaucoma increases with age [128]. As life expectancy continues to lengthen, glaucoma is

expected to become a signi�cant public health concern [178]. This disease is characterized by the

progressive loss of retinal ganglion cells, which manifests as thinning of the retinal nerve �ber

layer (RNFL) and characteristic changes in the optic nerve's head appearance [34]. In later stages

of the disease, visual �eld defects develop which, if uncontrolled, can ultimately result in complete

blindness.

Fig. 1.2 shows an eye affected by glaucoma. This speci�c case depicts primary open angle
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Figure 1.3:CFP and OCT images: From left, anatomical image of of the eye, CFP and OCT
image. The black rectangle on the CFP shows the approximate area over which OCT images are
captured, and the green line corresponds to the OCT image shown on the right.

glaucoma (POAG); POAG causes pressure to build in the eye and leads to damage of the optic

nerve, resulting in thinning of the retinal nerve �ber layer and eventual loss of vision. To detect

glaucoma, we used the UK Biobank [184] data set to build deep learning models based on retinal

images. We used two categories of images: color fundus photos (CFPs) and Optical Coherence

Tomography (OCT) images. In CFP, the camera uses the pupil to take an image of the back of

the eye. Figure 1.3 shows an image of an eye on the left; at the back of the eye in the left image

is the area depicted by the fundus image. The CFP image in the center. OCT images are shown

on Figure 1.3. OCT, a non-invasive imaging test, uses light waves to take cross-section images of

retina; the OCT device scans the retina in horizontal lines, traversing from the top of the eye to

the bottom of the eye, creating several scans for a single retina. The black rectangle on the center

fundus image shows the area scanned for OCT images. The green line shows a single OCT image

on the right.

Our contributions from this project include: (1)a multi-modal modelbuilt upon a large data

set that includes demographic, systemic and ocular data as well as raw image data taken from

color fundus photos (CFPs) and macular Optical Coherence Tomography (OCT) scans, (2)model

interpretationto identify and explain data features that lead to accurate model performance, and

(3) model validationvia comparison of model output with clinician interpretation of CFPs. We

also validate the model on a cohort that was not diagnosed with glaucoma at the time of imaging
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but eventually received a glaucoma diagnosis. Results show our model to be highly accurate (AUC

0.97) and interpretable. The model validates biological features known to be related to the disease,

such as age, intraocular pressure, and optic disc morphology. It also highlights previously unknown

or disputed features, such as pulmonary capacity and retinal outer layers.

This research was presented at the annual meeting ofAssociation for Research in Vision and

Ophthalmology[17] and is now under submission.

1.4.3 Sampling for Deep Learning Model Diagnosis

In Chapter 4 we focus on the data management challenges facing ML practitioners who build

deep learning models. Speci�cally, we present a new sampling-based approach for deep learning

model diagnosis. When diagnosing deep learning models, ML practitioners pose queries such

as, “What are the top k maximally activated neurons for layerconv2for all incorrectly classi�ed

objects formodelA ?” [90, 106, 92], and “What is the similarity between the logits ofclassa and

the representation learned by the last convolution layer bymodelA ?” [113, 100]. Such analyses

require activations for theentiremodel(s) over theentire input data set. If the training process is

being examined, or multiple models are being compared, the activations for multiple checkpoints

or models must be generated and stored.

As previously noted, the naive solution – pre-computing and storing all artifacts required for

model diagnosis – scales as the product of size of input data and number of parameters of the deep

learning model. Generating query results on-the-�y has a response time between tens of seconds to

tens of minutes, which makes it dif�cult to ef�ciently perform diagnosis tasks, often preventing in-

teractive diagnosis. Previous attempts at solving this problem either pre-generated all data required

to provide interactive query times [91, 90, 106, 169] or used varied storage optimization techniques

to manage the storage footprint [189, 117]. Both approaches require pre-generated artifacts. Some

visualization tools pre-generate aggregates but severely limit the type of queries that can be posed,

while others simply do the latter. Systems with storage optimizations [189] reduce data storage

requirements using techniques such as de-duplication and quantization.

We use sampling as a means to reduce the quantity of data we need to store, manage and
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query. Common sampling techniques that rely on uniform random sampling or strati�ed sampling

yield poor results. Instead, we propose a novel technique for creating a sample for deep learning

model diagnosis. Our key insight is for the deep learning model, along with its other objectives

(such as classi�cation), to learn alower-dimensional representationof the data. Deep learning

training transforms the input data, creating a new representation with each layer. Therefore, to

diagnose the model,we leverage this lower-dimensional representation of data rather than storing

and analyzing the distribution of activation values to create a sample.The sampling technique that

we developed speci�cally targets model diagnosis queries, which include top-k queries as well as

average values. It provides more accurate answers than uniform sampling, strati�ed sampling, and

other sampling techniques from the literature.

Our technique selects a sample from the input (test and training) data set so that artifacts can

be generated only for the sample. This approach not only reduces the storage footprint and speeds-

up queries since we store less data, but it also speeds-up the overall diagnosis process by saving

the time it would otherwise take to generate all artifacts for the entire data set. In Chapter 4, we

describe our sampling technique in greater detail and evaluate its performance on two data sets

compared to a variety of state-of-the-art alternatives. A short version of this paper was published

at ICDE'20 [142].

In summary, this thesis focuses on large-scale image analytics for scienti�c image data. We

assess existing big data systems on their ability to support image analytics and extend Myria to

support such workloads. Our work on automated glaucoma detection built a deep learning based

interpretable model to detect glaucoma. Finally, we drew on our experiences when building the

glaucoma detection model to propose a novel sampling technique that reduces the data manage-

ment complexity associated with building and diagnosing interpretable deep learning models for

large image data sets.
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Chapter 2

COMPARATIVE EVALUATION OF BIG-DATA SYSTEMS ON
SCIENTIFIC IMAGE ANALYTICS WORKLOADS

“Sooner or later all things are numbers, yes?”

– Terry Pratchett, Monstrous Regiment

“It is a capital mistake to theorize before one has data. Insensibly one begins to twist facts to suit

theories, instead of theories to suit facts.”

– Arthur Conan Doyle, A Scandal in Bohemia

In this chapter we describe in further detail the study evaluating the suitability of large-scale

data systems and frameworks for scienti�c data analysis using two real-world scienti�c image data

processing use cases. We evaluate �ve representative systems (SciDB, Myria, Spark, Dask, and

TensorFlow) and �nd that each of them has shortcomings that complicate implementation or hurt

performance. We evaluate all systems for both performance and ease-of-use. To evaluate these

systems, we implement two representative end-to-end image analytics pipelines from astronomy

and neuroscience. Each pipeline has a reference implementation in Python provided by domain

scientists. We then attempt to re-implement them using the �ve big data systems described above

and deploy the resulting implementation on commodity hardware in the Amazon Web Services

cloud [18], to simulate the typical hardware and software setup in scientists' labs. We evaluate the
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resulting implementations with the following goals in mind:

• Investigate if the given system can be used to implement the pipelines and, if so, how easy is

it to do so (Section 2.3).

• Measure the execution time of the resulting pipelines in a cluster deployment (Section 2.4.1

and Section 2.4.2).

• Evaluate the system's ability to scale, both with the number of machines available in the

cluster, and the size of the input data to process (Section 2.4.1).

• Assess tuning required by each system to correctly and ef�ciently execute each pipeline

(Section 2.4.3).

Overall, we �nd that all systems have important limitations. While performance and scalability

results are promising, there is much room for improvement in usability and ef�ciently supporting

image analytics at scale.

2.1 Evaluated Systems

In this section we brie�y describe the �ve evaluated systems and their design choices pertinent to

image analytics. The source code for all of these systems is publicly available.

Dask [1] (v0.13.0)is a general-purpose parallel computing library implemented entirely in Python.

We select Dask because the use cases we consider are written in Python. Dask represents paral-

lel computation with task graphs. Dask supports parallel collections such asDask.array and

Dask.dataframe. Operations on these collections create a task graph implicitly. Custom (or exist-

ing) code can be parallelized viaDask.delayed statements, which delay function evaluations and

insert them into a task graph. Individual task(s) can be submitted to the Dask scheduler directly.

Submitted tasks returnFutures. Further tasks can be submitted onFutures, sending computation

to the worker where theFuture is located. The Dask library includes a scheduler that dispatches

tasks to worker processes across the cluster. Processes execute these tasks asyncronously. Dask's
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scheduler determines where to execute the delayed computation, and serializes the required func-

tions and data to the chosen machine before starting its execution. Dask uses a cost-model for

scheduling and work stealing among workers. The cost-model considers worker load and user

speci�ed restrictions (e.g., if a task requires a worker with GPU) and data dependencies of the

task. Computed results remain on the worker where the computation took place and are brought

back to the local process by callingresult() .

Myria [70, 193] is a relational, shared-nothing DBMS developed at the University of Washing-

ton. Myria uses PostgreSQL [150] as its node-local storage subsystem and includes its own query

execution layer on top of it. Users write queries in MyriaL, an imperative-declarative hybrid lan-

guage, with SQL-like declarative constructs and imperative statements such as loops. Myria query

plans are represented as graphs of operators and may include cycles. During execution, operators

pipeline data without materializing it to disk. Myria supports Python user-de�ned functions and

a BLOB data type. The BLOB data type allows users to write queries that directly manipulate

objects like NumPy arrays. We select Myria as a representative shared nothing parallel DBMS and

also a system that we built. Our goal is to understand how it compares to other systems on image

analysis workloads and what it requires to effectively support such tasks.

Spark [200] (v1.6.2)supports a data�ow programming paradigm. It is up to100� faster than

Hadoop for in-memory workloads and up to10� faster for workloads that persist to disk [167]. We

select Spark for its widespread adoption, its support for a large variety of use cases, the availability

of a Python interface, and to evaluate the suitability of the MapReduce programming paradigm for

large-scale image analytics. Spark's primary abstraction is a distributed, fault-tolerant collection

of elements called Resilient Distributed Datasets (RDDs) [200], which are processed in parallel.

RDDs can be created from �les in HDFS or by transforming existing RDDs. RDDs are partitioned

and Spark executes separate tasks for different RDD partitions. RDDs support two types of oper-

ations: transformations and actions. Transformations create a new dataset from an exisiting one,

e.g.,mapis a transformation that passes each element through a function and returns a new RDD

representing the results. Actions return a value after running a computation: e.g.,reduce is an

action that aggregates all the elements of the RDD using a function and returns the �nal result. All
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transformations are lazy and are executed only when an action is called. Besidesmapandreduce,

Spark's API supports relational algebra operations as well, such as distinct, union, join, grouping,

etc.

SciDB [28] (v15.12)is a shared-nothing DBMS for storing and processing multidimensional ar-

rays. SciDB is designed speci�cally to support image analytics tasks such as those we evaluate in

this paper, and is an obvious system to include in the evaluation. In SciDB, data is stored as arrays

divided into chunks distributed across nodes in a cluster. Users then query the stored data using the

Array Query Language (AQL) or Array Functional Language (AFL) through the provided Python

interface. SciDB supports user-de�ned functions in C++ and, recently, Python (with the latter ex-

ecuted in a separate Python process). In SciDB, query plans are represented as an operator tree,

where operators, including user-de�ned ones, process data iteratively one chunk at a time.

TensorFlow [4] (v0.11)is a library from Google for numerical computation using data�ow graphs.

Although TensorFlow is typically used for machine learning, it supports a wide range of functional-

ity to express operations over N-dimensional tensors. Such operations are organized into data�ow

graphs, where nodes represent computations, and edges are the �ow of data expressed using ten-

sors. TensorFlow optimizes these computation graphs and can execute them locally, in a cluster, on

GPUs, or on mobile devices. We select TensorFlow to evaluate its suitability for large-scale image

analytics given its general popularity.

2.2 Image Analytics Use Cases

Scienti�c image data is available in many modalities: X-ray, MRI, ultrasound, telescope, micro-

scope, satellite, etc. We select two scienti�c image analytics use cases from neuroscience and

astronomy, with real-world utility in two different domains. The choice of these use cases is in�u-

enced by access to domain experts in these �elds, availability of large datasets, and interest from

the domain experts in scaling their use cases to larger datasets with big data systems. Reference

implementations for both use cases are provided by domain experts who are also coauthors on this

paper, and were written for their prior work. Both reference implementations are in Python and

utilize wrapped libraries written in C/C++. We present the details of the use cases in this section.
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Both use cases are subdivided into steps. We use StepX N and StepX A to denote steps in the

neuroscience and astronomy use cases respectively.

2.2.1 Neuroscience

Many sub-�elds of neuroscience use image data to make inferences about the brain [88]. The use

case we focus on analyzes Magnetic Resonance Imaging (MRI) data in human brains. Speci�cally,

we focus on measurements of diffusion MRI (dMRI), an imaging technology that is sensitive to

water diffusion in different directions within a human brain. These measurements are used to

estimate large-scale brain connectivity, and to relate the properties of brain connections to brain

health and cognitive functions [191].

Data: The input data comes from the Human Connectome Project [187]. We use data from

the S900 release, which includes dMRI data from over 900 healthy adult subjects collected be-

tween 2012 and 2015. The dataset contains dMRI measurements obtained at a spatial resolution

of 1.25� 1.25� 1.25 mm3. Measurements were repeated 288 times in each subject, with differ-

ent diffusion sensitization in each measurement. The data from each measurement, called avol-

ume, is stored in a 3D (145� 145� 174) array of �oating point numbers, with one value per three-

dimensional pixel (a.k.a. voxel). Image data is stored in the standard NIfTI-1 �le format used for

neuroimaging data. Additional metadata about the measurement used during analysis is stored in

text �les that accompany each measurement. We use data from 25 subjects for this use case. Each

subject's data is� 1.4GB in compressed form, which expands to� 4.2GB when uncompressed.

The total amount of data from 25 subjects is thus approximately105GB.

Processing Pipeline: The benchmark contains three steps from a typical dMRI image analysis

pipeline for each subject, as shown in Figure 2.1.

1. Segmentation: Step 1 N constructs a 3D mask that segments each image volume into two

parts: the brain and the background. As the brain comprises around two-thirds of the image

volume, using the mask to �lter out the background will speed up subsequent steps. Segmen-

tation proceeds in three sub-steps. First, we select a subset of the volumes where no diffusion



18

Figure 2.1:Neuroscience use case: Step 1 N Segmentation, Step2 N Denoising, and Step3 N

Model �tting.

sensitization has been applied. These images are used for segmentation as they have higher

signal-to-noise ratio. Next, we compute a mean image from the selected volumes by averag-

ing the value of each voxel. Finally, we apply the Otsu segmentation algorithm [138] to the

mean volume to create a mask volume per subject.

2. Denoising: Denoising is needed to improve image quality and accuracy of the analysis re-

sults. This step (Step2 N) can be performed on each volume independently. Denoising

operates on a 3D sliding window of voxels using the non-local means algorithm [44] and

uses the mask from Step1 N to denoise only parts of the image volume containing the brain.

3. Model �tting : Finally, Step 3 N computes a physical model of diffusion. We use the dif-

fusion tensor model (DTM) to summarize the directional diffusion pro�le within a voxel as

a 3D Gaussian distribution [21]. Fitting the DTM is done independently for each voxel and

can be parallelized. This step consists of a �atmap operation that takes a volume as input and

outputs multiple voxel blocks. All 288 values for each voxel block are grouped together be-

fore �tting the DTM for each voxel. Given the 288 values in for each voxel, �tting the model

requires estimating a 3� 3 variance/covariance matrix. The model parameters are summa-

rized as a scalar for each voxel called Fractional Anistropy (FA) that quanti�es diffusivity

differences across different directions.
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Figure 2.2:Astronomy use case: Step 1 A Pre-Processing, Step2 A Patch Creation, Step3 A

Co-addition, and Step4 A Source Detection.

The reference implementation is written in Python and Cython using Dipy [63].

2.2.2 Astronomy

As noted before, astronomy surveys are generating an increasing amount of image data. Our second

use case is an abridged version of the LSST image processing pipeline [108], which includes

analysis routines used by astronomers.

Data: We use data from the High Cadence Transient Survey [77] for this use case, as data from

the LSST survey is not yet available. A telescope scans the sky through repeatedvisits to indi-

vidual, possibly overlapping, locations. We use up to 24 visits that cover the same area of the

sky in this evaluation. Each visit is divided into 60images, with each consisting of an 80MB 2D

image (4000� 4072 pixels) with associated metadata. The total amount of data from all 24 visits is

approximately115GB. The images are encoded using the FITS �le format [57] with a header and

data block. The data block has three 2D arrays, with each element containing �ux, variance, and

mask for every pixel.

Processing PipelineOur benchmark contains four steps from the LSST processing pipeline as

shown in Figure 2.2:

1. Pre-Processing: Step 1 A pre-processes each image to remove background noise and ar-
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tifacts caused by imaging instruments. These operations are implemented as convolutions

with different kernels. This step can be parallelized across images.

2. Patch Creation: Step 2 A re-grids the pre-processed images of the sky into regions called

patches. Each image can be part of 1 to 6 patches requiring a �atmap operation. As pixels

from multiple images can contribute to a single patch, this step groups the images associated

with each patch and creates a new image object for each patch in each visit.

3. Co-addition: Step 3 A groups the images associated with the same patch across different

visits and stacks them by summing up the pixel (or �ux) values. This is called co-addition

and is performed to improve the signal to noise ratio of each image. Before summing up the

pixel values, this step performs iterative outlier removal by computing the mean �ux value

for each pixel and setting any pixel that is three standard deviations away from the mean to

null. Our reference implementation performs two such cleaning iterations.

4. Source Detection: Finally, Step 4 A detects sources visible in each co-added image gener-

ated from Step3 A by estimating the background and detecting all pixel clusters with �ux

values above a given threshold.

The reference implementation is written in Python, and depends on several libraries implemented

in C++, utilizing the LSST stack [107]. While the LSST stack can run on multiple nodes, the

reference is a single node implementation.

2.3 Qualitative Evaluation

We evaluate the �ve big data systems along two dimensions. In this section, we discuss each

system's ease of use and overall implementation complexity. We discuss performance and required

physical tunings in Section 2.4. A subset of the computer science coauthors implemented each

use case on each system based on the reference implementations provided by the domain expert

coauthors. The team had previous experience with Myria, Spark, and SciDB but not Dask or

TensorFlow.
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2.3.1 Dask

Implementation: As described in Section 2.1, users specify their Dask computation using task

graphs. However, unlike other big data systems with task graphs, users do not need to use a

speci�c data abstraction (e.g., RDDs, relations, tensors, etc.). They can construct graphs directly

with Python data structures. As an illustration, Figure 2.3 shows a code fragment from Step1 N

of the neuroscience use case. We �rst construct a compute graph that downloads and �lters each

subject's data on Line 2. Note the use ofdelayed to construct a compute graph by postponing

computation, and specifying thatdownloadAndFilter is to be called on each subject separately.

At this point, only the compute graph is built but it has not been submitted, i.e., data has not been

downloaded or �ltered. Next, on Line 5 we request that Dask evaluate the graph via the call to

result to compute the number of volumes in each subject's dataset. Callingresult submits the

graph and forces evaluation. We constructed the graph such thatdownloadAndFilter is called

on individual subjects. Dask will parallelize the computation across the worker machines and will

adjust each machine's load dynamically. We then build a new graph to compute the average image

of the volumes by callingmean. We intend this computation to be parallelized across blocks of

voxels, as indicated by the iterator construct on Line 9. Next, the individual averaged volumes

are reassembled on Line 10, and callingmedianotsu on Line 11 computes the mask. The rest

of the neuroscience use case follows the same programming paradigm, and we implemented the

astronomy use case similarly.

Qualitative Assessment:We �nd that Dask has the simplest installation and deployment. As

Dask supports external Python libraries we reuse most of the reference implementation. Our Dask

implementation has approximately 120 lines of code (LoC) for the neuroscience use case and 260

LoC for the astronomy one. When implementing compute graphs, however, a developer has to

reason about when to insert barriers to evaluate the constructed graphs. Additionally, the developer

must manually specify how data should be partitioned across different machines for each of the

stages to facilitate parallelism (e.g., by image volume or blocks of voxels, as speci�ed on Line 9

in Figure 2.3). While Dask's Python interface might be familiar to domain scientists, the explicit
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1 for id in subjectIds:
2 data[id].vols = delayed(downloadAndFilter)(id)
3

4 for id in subjectIds: # barrier
5 data[id].numVols = len(data[id].vols.result())
6

7 for id in subjectIds:
8 means = [delayed(mean)(block) for block in
9 partitionVoxels(data[id].vols)]

10 means = delayed(reassemble)(means)
11 mask = delayed(median_otsu)(means)

Figure 2.3: Dask code for Step1 N.

construction of compute graphs to parallelize computation is non-trivial. Additionally, as the Dask

API supports multiple ways to parallelize code, choosing among them can impact the correctness

and performance of the resulting implementation. For instance, having to choose betweenfutures

anddelayed constructs to create a task graph implicitly and explicitly make Dask more �exibile

but harder to use. Dask is also hard to debug due to its atypical behavior and instability. For

instance, rather than failing a job after a large enough number of workers die, Dask respawns the

killed processes but queues tasks executed on the killed worker processes to ano-worker queue.

Theno-worker state implies that tasks are ready to be computed, but no appropriate worker exists.

As the running processes wait for the results from the requeued tasks this causes a deadlock. We

also experienced several stability issues, some of which prevented us from running the astronomy

use case initially, but were �xed in a later Dask version. We still had to stop and rerun the pipelines

occasionally as they would freeze for unknown reasons.

2.3.2 Myria

Implementation: We use MyriaL to implement both pipelines, with calls to Python UDF/UDAs

for all core image processing operations. In the neuroscience use case, we ingest the input data

into theImagesrelation, with each tuple consisting of subject ID, image ID, and image volume (a
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serialized NumPy array stored as a BLOB) attributes. We execute a query to compute the mask,

which we broadcast across the cluster. The broadcast table is0:3%the size of theImagesrelation.

A second query then computes the rest starting from a broadcast join between the data and the

mask. Figure 2.4 shows the code for denoising image volumes. Line 1 to Line 2 connect to Myria

and register the denoise UDF. Line 3 then executes the query to join theImagesrelation with the

Maskrelation and denoise each image volume. We implement the astronomy use case similarly

using MyriaL.

1 conn = MyriaConnection(url="...")
2 MyriaPythonFunction(Denoise, outType).register()
3 query = MyriaQuery.submit("""
4 T1 = SCAN(Images);
5 T2 = SCAN(Mask);
6 Joined = [SELECT T1.subjId, T1.imgId, T1.img, T2.mask
7 FROM T1, T2
8 WHERE T1.subjId = T2.subjId];
9 Denoised = [FROM Joined EMIT

10 Denoise(T1.img, T1.mask) as
11 img, T1.subjId, T1.imgId]; """ )

Figure 2.4: Myria code for Step2 N.

Qualitative Assessment:Our MyriaL implementation leverages the reference Python code, facil-

itating the implementation of both use cases. We implement the neuroscience use case in 75 LoC

and the astronomy one in 250. MyriaL's combination of declarative query constructs and impera-

tive statements makes it easy to specify the analysis pipelines. However, for someone not familiar

with SQL-like syntax this might be a challenge. Overall, implementing the use cases in Myria was

easy but making the implementation ef�cient was non-trivial, as we discuss in Section 2.4.3.

2.3.3 Spark

Implementation: We use Spark's Python API to implement both use cases. Our implementa-

tion transforms the data into Spark's pair-RDDs, which are parallel collections of key-value pair
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records. The key for each RDD is the identi�er for an image fragment, and the value is a NumPy

array with the image data. Our implementation then uses the prede�ned Spark operations (map,

flatmap , andgroupby) to split and regroup image data following the plan from Figure 2.1. To

avoid joins, we make the mask, which is a single image per subject (18MB per subject,0:3% of

the image RDD) a broadcast variable available on all workers. We use the Python functions from

the reference implementation to perform the actual computations on the values, passing them as

anonymous functions to Spark's API. Figure 2.5 shows an abridged version of the code for the

neuroscience use case. Line 2 denoises each image volume. Line 3 callsrepart to partition each

image volume into voxel groups, which are then grouped (line 4) and aggregated (line 5). Line 6

then �ts a DTM for each voxel group. We implement the astronomy use case similarly.

1 modelsRDD = imgRDD
2 .map(lambda x:denoise(x,mask))
3 .flatMap(lambda x: repart(x, mask))
4 .groupBy(lambda x: (x[0][0],x[0][1]))
5 .map(regroup)
6 .map(fitmodel)

Figure 2.5: Spark code showing Step2 N and Step3 N.

Qualitative Assessment:Spark can execute user-provided Python code as UDFs and its support

for arbitrary python objects as keys made the implementation straightforward, with 114 and 238

LoC for the neuroscience and astronomy use cases respectively. The functional programming style

used by Spark is succinct, but can pose a challenge if the developer is unfamiliar with functional

programming. Spark's large community of developers and users, and its extensive documentation

are a considerable advantage. Spark supports caching data in memory but does not store interme-

diate results by default. Unless data is speci�cally cached, a branch in the computation graph may

result in re-computation of intermediate data. In our use cases, opportunities for data reuse are

limited. Nevertheless, we found that caching the input data for the neuroscience use case yielded

a consistent 7-8% runtime improvement across input data sizes. Caching did not improve the run-
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time of the astronomy use case. As with Myria, the initial implementation was easy in Spark, but

performance tuning was not always straightforward as we describe in Section 2.4.3.

1 from scidbpy import connect
2 sdb = connect(' ... ' )
3 data_sdb = sdb.from_array(data)
4 data_filtered = # Filter
5 data_sdb.compress(sdb.from_array(gtab.b0s_mask), axis=3)
6 mean_b0_sdb = data_filtered.mean(index=3) # Mean

Figure 2.6: SciDB implementation of Step1 N.

2.3.4 SciDB

Implementation: SciDB is designed for array analytics to be implemented in AQL/AFL, or op-

tionally using SciDB's Python API. This is illustrated in Figure 2.6. When we began this project,

SciDB lacked several functions necessary for the use cases. For example, high-dimensional con-

volutions are not implemented in AFQ/AFL, rendering the reimplementation of some steps impos-

sible. SciDB recently added aStream() interface, similar to Hadoop Streaming. This interface

enables the execution of Python (or other language) UDFs, where each UDF call processes one

array chunk. Using this feature, we implemented both use cases in their entirety. The SciDB

implementation of the neuroscience and astronomy use cases required 155 LoC and 715 LoC of

Python respectively. In addition, 200 LoC of AFL were written to rearrange chunks, and another

150 LoC in bash to set up the environment required by the application.

Qualitative Assessment: The recentstream() interface makes it possible to execute legacy

Python code, but it requires that data be passed to the Python UDF and returned from that UDF

as a string in TSV format (data ingest requires a CSV format). This means that we need to con-

vert between TSV and scienti�c image formats. While this is relatively straightforward for the

neuroscience use case, FITS �les used in astronomy have multiple arrays per image and are more
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challenging to transform between SciDB arrays and TSVs for UDFs. This transformation and sub-

sequent parsing also causes performance issues as we discuss in Section 2.4.3. Setting up SciDB

is also dif�cult as there is no support for standard cloud deployment tools. The integration with the

LSST software stack for the astronomy use case is particularly challenging. Speci�cally, LSST's

software stack requires dozens of dependent packages to be installed, along with setting up more

than 100 environment variables within child processes that execute the UDFs. Another limitation

of thestream() interface lies in its input and output ports: All the input can be read only through

the standard input (i.e., stdin) and all the output can only be written to standard output (i.e., stdout).

Therefore, the application crashes if it calls UDFs that have their own stdout messages. Overall,

SciDB presents signi�cant barriers in implementation and setup for a domain scientist.

2.3.5 TensorFlow

Implementation: TensorFlow's API operates on its own data structures (representations of multi-

dimensional arrays, or tensors) and does not allow any of the standard external libraries to be

used, such as NumPy. Hence, we had to completely rewrite the use cases. Given their complex-

ity, we only implemented the neuroscience use case. Additionally, we implemented a somewhat

simpli�ed version of the �nal mask generation operation in Step1 N. We rewrote Step2 N using

convolutions, but without �ltering with the mask as TensorFlow does not support element-wise

data assignment. TensorFlow's support for distributed computation is currently limited. The de-

veloper must manually map computation and data to each worker as TensorFlow does not provide

automatic static or dynamic work assignment. As the serialized compute graph cannot be larger

than 2GB, we implemented the use case in steps, building a new compute graph for each step of the

use case (as shown in Figure 2.1). We distribute the data for each step to the workers and execute

it. We add a global barrier to wait for all workers to return their results before proceeding. The

master node converts between NumPy arrays and tensors as needed. Figure 2.7 shows the code for

mean computation in Step1 N. The �rst loop assigns the input data with shapesh (Line 8) and

the associated code (Line 9) to each worker. Then, we process the data in batches of size equal to

the number of available workers on Line 19.
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1 # steps contains the predefined mapping
2 # from data to workernodes
3 pl_inputs = []
4 work = []
5 # The first for loop defines the graph
6 for i_worker in range(len(steps[0])):
7 with tf.device(steps[0][i_worker]):
8 pl_inputs.append(tf.placeholder(shape=sh))
9 work.append(tf.reduce_mean(pl_inputs[-1]))

10 mean_data = []
11 # Iterate over the predefined steps
12 for i in range(len(steps)):
13 this_zs = zs[i*len(steps[0]):
14 i*len(steps[0]) + len(steps[i])]
15 # Define the input to be fed into the graph
16 zip_d = zip(pl_inputs[:len(steps[i])],
17 [part_arrs[z] for z in this_zs])
18 # Executes the actual computation - incl. barrier
19 mean_data += run(work[:len(steps[i])], zip_d)

Figure 2.7: TensorFlow code fragment showing compute graph construction and execution.

Qualitative Assessment:TensorFlow requires a complete rewrite of the use cases, which we �nd

to be both dif�cult and time-consuming. TensorFlow also requires that users manually specify

data distribution across machines and it automates only a small part of the cluster initialization

procedure with Bazel [23]. The 2GB limit on graph size further complicates the implementation

of use cases as we described above. In its current form, unless there is a speci�c reason, e.g., a

speci�c algorithm only available in the TensorFlow library, or need to utilize GPUs or Android

devices, the amount of effort required to re-write the computation in Tensor�ow is high enough to

render it not worthwhile. However, TensorFlow is under active development so this might change

in future versions.
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2.4 Quantitative Evaluation

We evaluate the performance of the implemented use cases and the system tuning necessary for

successful and ef�cient execution. All experiments are performed on the AWS cloud using the

r3.2xlarge instance type, with 8 vCPU,1 61GB of memory, and 160GB SSD storage.

2.4.1 End-to-End Performance

We �rst evaluate the performance of running the two use cases end-to-end. For each use case, we

start the execution with data stored in Amazon S3. We execute all the steps and leave the �nal

output in worker memories. We ask two questions: How does the performance compare across the

systems? How well do the systems scale as we increase the size of the input data or the cluster?

To answer these questions, we �rst �x the cluster size at 16 nodes and vary the input data size. For

the neuroscience use case we vary the number of subjects from 1 to 25. For the astronomy use

case, we vary the number of visits from 2 to 24. The largest input data sizes are then 105GB and

115GB, respectively as shown in Figure 2.8a and Figure 2.8b. The tables also show the sizes of

the largest intermediate relations for the two use cases, which are 210GB and 288GB, respectively.

In the second experiment, we use the largest input data size for each use case and vary the cluster

size from 16 to 64 nodes to measure speedup.

Figure 2.8c and Figure 2.8f show the results as we vary the input data size. We implement the

neuroscience use case in all �ve systems and the astronomy use case in all but TensorFlow.

For the neuroscience use case (Figure 2.8c), while Dask, Myria and Spark achieve comparable

performance, SciDB and TensorFlow are much slower. It is not surprising that Dask, Spark, and

Myria have similar runtimes as all three execute the same Python code from the reference imple-

mentation but wrapped in UDFs (or directly in the case of Dask). Interestingly, the fact that Spark

and Myria incur the extra overhead of passing the data to and from external Python processes for

each UDF invocation does not visibly affect performance. Dask is a little slower in the case of

a single subject because the data is downloaded on a single node �rst before being spread across

1with Intel Xeon E5-2670 v2 (Ivy Bridge) processors.
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the cluster through work stealing as discussed in Section 2.4.2. SciDB is slower primarily due to

data reformatting at the input and output of each UDF and also at the beginning of the pipeline:

(1) SciDB's data ingest requires the source data to be in CSV format, and in both use cases, we

needed to convert the original formats to CSV before executing the pipeline. We discuss data in-

gest in more detail when we present Figure 2.9. (2) When passing data from SciDB to the UDFs

through thestream() interface, the data gets �attened into a long 1-dimensional array and we

need to reformat it into the multidimensional NumPy array required by the function. (3) The re-

sults returned from each UDF are arrays of strings, one per parallel UDF invocation and need to

be parsed and merged to form voxel batches from image volumes. Additionally, we process one

subject at a time in SciDB instead of merging data from all subjects into a single array as combin-

ing multiple subjects incurs more overhead. For example, when we combine two subjects into one

array, the execution time doubled (not shown in the �gure), relative to processing one subject at a

time. TensorFlow is the slowest to execute the neuroscience end-to-end pipeline. We attribute this

to several architectural restrictions. (1) All data needs to be downloaded and parsed on the master

node and then dispatched to the workers, as opposed to being downloaded and processed directly

by the workers as in the other systems. (2) Due to TensorFlow's limitation on the computation

graph size (2GB), we construct multiple graphs for each step and put the results together on the

master node. This adds signi�cant overhead at each step and prevents TensorFlow from pipelining

the computation. We further analyze per-step performance in the next section.

For the astronomy use case (Figure 2.8f), SciDB is an order of magnitude slower than the other

engines. In Step3 A, we need to add patches from all visits. This means that we have to process all

visits as a single array, leading to large overheads due to parsing and combining the output of the

UDF in Step 2 A. We also implemented Step3 A in AQL in SciDB, which performed as fast as

Spark, Myria and Dask, i.e.,� 10� faster than thestream() implementation. As we were unable

to implement the rest of the use case in AQL/AFL, we use thestream() timing in Figure 2.8.

In the astronomy use case, Dask does better with the smaller datasets but is unable to execute

the largest data set to completion as it runs out of memory on 16 nodes. We discuss out of memory

issues in Section 2.4.3. In terms of runtime, data for the astronomy use case is packaged into indi-
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vidual �les for each image rather than a single compressed �le per subject as in the neuroscience

use case, which results in �ner-grained and more even data distribution.

Figure 2.8e and Figure 2.8h show the runtimes per subject and visit, respectively, i.e., the ratios

of each pipeline runtime to that obtained for one subject or visit. As the data size increases, these

ratios drop for all systems with the exception of SciDB in the neuroscience use case. The dropping

ratios indicate that the systems become more ef�cient as they amortize start-up costs. Dask's

ef�ciency increase is most pronounced, indicating that it had the largest start-up overhead. In the

neuroscience use case, SciDB shows a constant ratio. This is due to the neuroscience use case

implementation in SciDB where the cluster processes a single subject at a time.

Figure 2.8d and Figure 2.8g show the runtimes for all systems as we increase the cluster size

and process the largest (> 100GB) datasets. All systems show near linear speedup for both use

cases. Myria achieves almost perfect linear speedup for both cases (5395s, 2863s, and 1406s for

16, 32 and 64 nodes, respectively). Linear speedup can imply poor single instance performance.

To ensure that this is not the case, we tune single instance performance for Myria by increasing the

number of workers until each node has high resource utilization (average CPU utilization> 90%).

Dask has better performance when data completely �ts in memory, as in the neuroscience use case.

For the astronomy use case, Dask runs out of memory on 16 nodes. For 32 nodes, the number

of workers had to be reduced to one per node to allow Dask to �nish processing. This results in

lowered parallelism and higher runtime. In the 64 node experiment there was enough memory and

every step could be pipelined for both Myria and Dask, resulting in faster runtimes. Spark divides

each task into stages and does not start shuf�ing data until the previous map stage is complete. As

the tuples are large in size, (� 14MB for neuroscience and� 80 MB for astronomy), the lack of

overlap between shuf�e and map stages results in Spark's slightly slower timings. This is a known

limitation for Spark [163], and makes it slower than Dask and Myria for some of the steps in the

context of image analytics as the shuf�e cost for the larger image tuples is signi�cant. Note that we

tuned each of the systems to achieve the timings reported above. We discuss the impact of tuning

in Section 2.4.3.



31

2.4.2 Individual Step Performance

Next we focus on individual steps and examine performance across systems. We provide these

details for the neuroscience pipeline.

Data Ingest: Input data for both use cases is staged in Amazon S3. For the neuroscience use

case, image data is presented as a single NIfTI �le per subject which contains compressed image

volumes. For the neuroscience use case, the reference implementation works on all of the image

volumes associated with the subject concurrently. To parallelize the implementation within each

subject, we split data for each subject into separate image volumes represented by NumPy arrays,

which can be processed in parallel. Therefore, NIfTI �les need to be preprocessed for Spark

and Myria, de-compressed and saved as serialized NumPy Arrays. SciDB requires NIfTI �les

to be converted into CSV format. TensorFlow requires images to be in NumPy array format for

conversion to Tensors. Pre-processing times are included in data ingest times, which are shown in

Figure 2.9. As the �gure shows, data ingest times vary greatly across systems (note the log scale

on the Y-axis). Spark and Myria download pre-processed data in parallel on each of the workers

from S3. Myria is given a CSV list of images in S3 as part of the load statement, and Spark is

given the S3 bucket name. Even though Myria's data ingest writes �les to disk, it is faster than

Spark, which loads the data into memory. This is because Spark enumerates the �les in the S3

bucket on master before downloading them in parallel and meta-data querying in S3 is known to

be a slow operation. For Dask, we manually specify the number of subjects to download per node,

as otherwise Dask's scheduler assigns a random number of subjects to each node which lead to

memory exhaustion or excessive data shuf�e between processing steps. Thus, Dask's data ingest

time looks like a step function: when the number of subjects is fewer than the number of nodes

(16), each node downloads one subject concurrently. With more than 16 subjects, some nodes

download two subjects. For the TensorFlow implementation, all data is downloaded to the master

node and partitions are sent to each worker node. This is slower than the parallel ingest available

in other systems. For SciDB, we report two sets of timings in Figure 2.9. SciDB-1 shows the time

to ingest NumPy arrays with thefrom array() interface, and SciDB-2 shows the time to convert
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NIfTI to CSV and ingest using theaio input library. Becauseaio input() reads in multiple �les

and parses them in parallel while SciDB's native Python API (i.e., scidb-py) processes input data in

a serial manner, data ingest with the latter is an order of magnitude faster than the former and is on

par with parallel ingest on Spark and Myria. Nevertheless, the NIfTI-to-CSV conversion overhead

for SciDB is larger than the NIfTI-to-NumPy overhead for Spark and Myria, which makes SciDB

ingest slower than Spark and Myria.

Segmentation (�ltering): Segmentation is the �rst step in the neuroscience use case (i.e., Step1 N).

We discuss the performance of two operations in this step: �ltering the data to select a subset of

the image volumes, and computing an average image volume for each subject. Figure 2.11a and

Figure 2.11b show the runtimes for these two operations as we vary the input data size on the 16-

node cluster. Myria and Dask are the fastest on the data �ltering step. Myria pushes the selection

to PostgreSQL, which ef�ciently scans the data and returns the matching records (without indices)

on theImagesrelation. Dask is fast on this operation as all data is in memory and the operation is a

simple �lter. Spark is an order of magnitude slower than Dask, even though data is in memory for

both systems. This is because the �lter criteria is speci�ed as an anonymous function in Spark, and

data and function have to be passed from Java to the external Python process and back. SciDB is

slower than other systems because the internal chunks are not aligned with the selection predicate.

In addition to scanning chunks, SciDB must also extract subsets of these chunks and construct new

chunks in the resulting arrays. In TensorFlow, the data (tensors) takes the form of 4D arrays. For

each subject, the 4D array represents the 288 3D data volumes. The selection is on the volume

ID, which is the fourth dimension of the input data. However, TensorFlow only supports �ltering

along the �rst dimension. We thus need to �atten the 4D array, apply the selection, and reshape the

array back into a 4D structure. As reshaping is expensive compared with �ltering, TensorFlow is

orders of magnitude slower than the other engines on this step.

Segmentation (mean):Figure 2.11b shows the result for the mean image volume computations.

SciDB is the fastest for mean computation on the small datasets as it is designed to process arrays

in parallel at the granularity of chunks. In contrast, Myria and Spark group data by subject, which

leads to low cluster utilization for small numbers of subjects. The three systems have similar
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performance at larger scales. Dask is slower than the other three engines, especially for small

datasets, due to startup and work stealing overheads. TensorFlow is very slow as the mean has to

be computed in seperate graphs due to graph size limitations with data being sent to the master

after each graph computation.

Denoising: Figure 2.11c shows the runtime for denoising (Step2 N). For this step, the bulk of

the processing happens in the user-de�ned denoising function. Dask, Myria, Spark, and SciDB all

run the same code from the reference implementation on similarly partitioned data, which leads

to similar overall performance. As in the case of the end-to-end pipeline, Dask's higher start-up

overhead results in slightly worse performance for smaller data sizes, but similar performance for

larger datasets. SciDB'sstream() interface performs slightly worse than Myria, Spark, and Dask.

For every call to the UDF we have to convert between string streams and the UDF's expected

formats, this known overhead for SciDB is small for this step as more time is spent in computation

compared to other steps. The TensorFlow implementation cannot use the binary mask to reduce the

computation for each data volume. This is because TensorFlow's operations can only be applied to

whole tensors and cannot be masked. This limitation and compute graph-size limitations contribute

to slower performance of TensorFlow.

Model �tting: Figure 2.11d shows the runtime for the �nal step in the neuroscience pipeline.

There are two important difference between denoising and model �tting. First, model �tting is less

computationally intensive compared to denoising, Second, it offers a larger degree of data paral-

lelism. For denoising, parallelism is limited to an image volume per subject (288 image volumes

per subject). This is because all of the pixels from a single image volume are required to denoise

an image volume. For model �tting, each voxel in each image can be processed independently,

leading to145� 175� 145potential data partitions per subject that can be processes in parallel.

We implement model �tting on voxel batches rather than individual voxels to balance the cost of

scheduling and bene�ts of parallelism. We use similar voxel batch sizes for all systems to ensure

fair comparison (� 500 partitions per subject). A higher degree of parallelism (more partitions)

and smaller partition sizes (leading to smaller data shuf�ing times) for this step reduce Myria's

pipelining advantage and make Spark faster. Dask is slower in this step as larger numbers of paral-
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lel computations lead to aggressive shuf�ing and job stealing, which dominate the processing time.

We suspect that this is due to Dask's inaccurate estimate of the amount of data that needs to be

shuf�ed among workers. This results in almost constant time for model �tting as the number of

subjects increases. SciDB is the slowest. As thestream() interface does not support UDAs (only

UDFs), the splitting and aggregation of the denoised images into voxel batches has to be done in

AFL, which necessiates parsing the output from the previous step (i.e., denoising) from a stream of

strings into SciDB arrays with the correct chunking schema, aggregating, and splitting into voxel

batches. Finally, TensorFlow shows good performance on this step. Unlike denoising, which pro-

cesse entire image volumes, model �tting executes on voxel batches, which can be �ltered before

the computation is performed. This and TensorFlow's ef�cient linear algebra implementation lead

to a faster performance on this step compared to the other steps.

2.4.3 System Tuning

Finally, we evaluate the �ve systems on the complexity of the tuning required to achieve high

performance.

Degree of Parallelism:This key parameter depends on three factors: (1) the number of machines

in the cluster; (2) the number of workers that execute on each machine; and (3) the size of the

data partitions that can be allocated to workers. We evaluated the impact of the cluster size in Sec-

tion 2.4.1. Here, we evaluate the impact of (2) and (3).

For Myria, given a 16-node cluster, the degree of parallelism is entirely determined by the

number of workers per node. As in traditional parallel DBMSs, Myria hash-partitions data across

all workers by default. Figure 2.12 shows runtimes for different numbers of workers for the neu-

roscience use case. A larger number of workers yields a higher degree of parallelism but workers

also compete for physical resources. For both use cases (astronomy not shown due to space con-

straints), four workers per node yields the best results. Changing the number of workers requires

reshuf�ing or reingesting the data, which makes tuning this setting tedious and time-consuming.

Spark creates data partitions, which correspond totasks, and each worker can execute as many

tasks in parallel as available cores. The number of workers per node thus does not impact the degree
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of parallelism, as long as the number of cores remains the same. The number of data partitions

determines the number of tasks that can be scheduled, and the number of cores can be restricted

in Spark to increase the memory available per core on each node. As Spark did not run out of

memory for either use case we choose to utilize all the cores for the Spark implementation. We

further discuss memory management later in this section.

Figure 2.13 shows the query runtimes for different numbers of input data partitions on Spark.

On a 16-node cluster, the decrease in runtime was dramatic between 1 and 16 partitions, as an

increasingly large fraction of the cluster became utilized. The runtime continues to improve until

128 data partitions, which is the total number of slots in the cluster (i.e., 16 nodes� 8 cores).

Increasing the number of partitions from 16 to 97 resulted in 50% improvement. Further increases

did not improve performance. Interestingly, if the number of data partitions is unspeci�ed, Spark

creates a partition for each HDFS block. The degree of parallelism then depends on the HDFS

block size setting.

Dask allows specifying the number of workers per node and threads per worker. Through

manual tuning, we �nd8 to be the optimal number of workers per node when memory is abundant,

as shown in Figure 2.14. Running multiple threads per process cause data corruption as the UDFs

in Python are not all thread safe, so we use a single thread per process. Dask's work stealing

automatically load balances across the machines, and work-stealing does not require any tuning.

In TensorFlow, we execute one process per machine. All steps include data conversions, which

have to be performed on the master. These data conversions are the bottleneck, limiting oppor-

tunities for additional tuning. For all steps, we must partition the data such that graphs assigned

to workers are below 2GB in size. Additionally, for the denoising step memory is the bottleneck

requiring the assignment of only one image volume at a time per physical machine. The model

�tting step can be parallelized at the granularity of individual voxels and we �nd that TensorFlow

performs best with 128 partitions on a 16-worker con�guration. In general, we observe that Ten-

sorFlow tends to perform better with smaller chunk sizes.

The SciDB documentation recommends [157] running one instance per 1-2 CPU cores. The

chunk size, however, is more dif�cult to tune: we do not �nd a strong correlation between the
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overall performance and common system con�gurations. We tune the chunk size for each operation

by running the application with the same data but using different chunk sizes. For instance, in

Step 3 A we �nd that a chunk size of[1000� 1000]leads to the best performance. A chunk size

of [500� 500], for example, is 3� slower; while chunk sizes of[1500� 1500]and[2000� 2000]

are 22% and 55% slower, respectively.

Memory Management: Image analytics workloads are memory intensive. Additionally, data

allocation can be skewed across compute nodes. For example, the astronomy pipeline grows the

data by 2.5� on average during processing, but some workers experience data growth of 6� due to

skew. As a result, systems can easily run out of memory. Big data systems use different approaches

to trade off query execution time with memory consumption. We evaluate some of these trade-offs

in this section. In particular, we compare the performance of pipelined and materialized query

execution. With pipelined execution, data �ows directly from one operator to the next without

going to disk and without synchronization barrier. Materialized query execution in contrast writes

the output of each operation to disk and the next operation starts by reading input data from disk.

For materialized query execution, we compare materializing intermediate results and processing

subsets of the input data at a time. Figure 2.10 shows the results for the Myria system on the

astronomy use case. As the �gure shows, when data is small compared with the available memory,

the fastest way to execute the query is to pipeline intermediate results from one operator to the

next. This approach is 8-11% faster in this experiment than materialization, and 15-23% faster

than executing multiple queries. As the ratio of data-to-memory grows, pipelining may cause a

query to fail with an out-of-memory error. Intermediate result materialization then becomes the

fastest query execution method. With even more data, the system must cut the data analysis into

even smaller pieces for execution without failure.

In contrast to Myria, Spark automatically spills intermediate results to disk to avoid out-of-

memory failures. Additionally, Spark can partition data into smaller fragments than the number of

available nodes, and will process only as many fragments as there are available slots. Both tech-

niques help to avoid out-of-memory failures with Spark. However, the lack of pipelined execution

causes Spark to be slower than Myria when memory is plentiful (see also Figure 2.8g).
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Dask supports spilling to disk, but the current implementation of this feature is not multi-

process safe and thus not suitable for our use cases. To prevent running out of memory in Dask,

we increased the memory-to-CPU ratio by reducing the number of workers on each node. For the

32-node cluster, we reduced the number of workers to one worker per node in the astronomy use

case. On a 16-node cluster reducing the number of workers to one did not help and the use case

could not run to completion. This was due to skew rather than insuf�cient memory: 2 workers in

the astronomy use case ran out of memory and caused cascading failures.

2.5 Challenges and Opportunities

In this section, we summarize the lessons learned from three perspectives: system developers,

users, and researchers:

Developers. Engine developers can improve both the architecture and implementation of their

systems based on our observations, some of which are already known, but their importance is

re-emphasized by this study. Most importantly, we �nd that all evaluated systems would bene�t

from automatically adjusting the degree of parallelism and gracefully spilling to disk, even when

individual data partitions do not �t in memory to avoid all sources of out-of-memory failures.

Image analytics differs from other analytics in three respects: the large size of individual

records (i.e., image fragments with metadata), heavy use of UDFs to execute complex, domain-

speci�c operations, and the multidimensional nature of the data. Some systems, such as SciDB,

have only limited support for UDFs/UDAs in languages other than C++. As we showed in Sec-

tion 2.4, this signi�cantly affects performance and ease of use. In contrast, only SciDB reasons

about multidimensional array data. In all other systems, users must manually split images into

fragments along different dimensions in preparation for their analysis, which is non-trivial.

Finally, most systems are optimized for large numbers of small records rather than small num-

bers of large records. Myria, for example, processes tuples in large batches by default. We had to

change that default to reduce the number of tuples per batch and prevent out of memory failures.

We next discuss speci�c recommendations for each of the evaluated systems for running image

analytical workloads.
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Daskwould further bene�t from (1) a simpler API: e.g., reduce the number of ways to construct

the compute graph (2) better debuggability as noted in Section 2.3.1; and (3) spilling to disk for

multi-process workloads as noted in Section 2.4.3.

Myria would bene�t from (1) automatically tuning the number of workers per machine and making

it easier to change the number of workers as noted in Section 2.4.3; (2) adding support for local

combiners before shuf�es for user-de�ned aggregations: this would lead to fewer memory issues

in case of skew. We were able to materialize intermediate results and split queries into multiple

ones to achieve the same result, but it required better understanding of Myria and more effort.

Sparkwould bene�t from (1) overlapping the shuf�e phase with the map phase to increase perfor-

mance when memory is suf�cient and (2) making parallel data ingest from S3 more ef�cient.

SciDB would bene�t from (1) binary data format support for theaio input() interface; (2) sup-

port for more than TSV and stdin-stdout for thestream() interface; (3) more ef�cient methods

for concatenating arrays; (4) support for advanced control over the child process such as setting

environment variables; (5) simpli�ed procedure for multi-node deployment; and (6) support for

UDAs in the stream interface.

TensorFlowwould bene�t from (1) removing the restriction on graph size; (2) better tooling for

cluster management and scheduling; (3) distributed data ingest; and (4) support for external li-

braries.

Users. For domain scientists wanting to utilize big data systems there are several considerations:

(1) Re-write or re-use: can the computation be expressed in native SQL or AQL? If the computation

is simple this may be the most performant solution. If not, systems such as Dask, Spark, and Myria

can ef�ciently execute legacy Python (or other) scripts with minimal additional code provided by

the user. (2) Data partitioning: turning a serial computation into a parallel one may pose the biggest

challenge to domain users. A reference implementation may or may not indicate how computation

can be parallelized. Understanding data dependency and the synchronization points in underlying

computation is crucial to ensuing correctness and performance in a big data system.

Researchers.Our study raises a number of research questions. Image processing involves complex

analytics, which include iterations and linear algebra operations that must be ef�ciently supported
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in big data systems. However, users typically have legacy code that performs sophisticated and

dif�cult to rewrite operations. Therefore, they need the ability to call existing libraries. They also

need an easy mechanism to parallelize the computation: they should be able to reason about multi-

dimensional array data directly rather than manually creating and processing collections of image

fragments. It should be easy to mix and match UDF/UDA computations and pre-de�ned (e.g.,

relational) operations on complex data such as image fragments.

Our study also re-iterates the general need to ef�ciently support pipelines with UDF/UDAs

both during query execution and query optimization. Image analytics implies large tuples and

larger tuples put pressure on memory management techniques, systems' ability to shuf�e data

ef�ciently, and ef�cient methods to pass large records back and forth between core computation

and UDFs/UDAs. This provides another research opportunity. Finally, making big data systems

usable for scientists requires systems to be self tuning, which is already an active research area [76].
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Subjects 1 2 4 8 12 25

Input 4.1 8.4 16.8 33.6 50.4 105
Largest inter. 8.4 16.8 33.6 67.2 100.8 210

(a) Neuroscience data sizes (GB)

Visits 2 4 8 12 24

Input 9.6 19.2 38.4 57.6 115.2
Largest inter. 24 48 96 144 288

(b) Astronomy data sizes (GB)

(c) Neuroscience: End-to-end
runtime

with varying data size

(d) Neuroscience: End-to-end
runtime

with varying cluster size

Subjects 1 2 4 8 12 25

SciDB 1 1.01 1.01 1.01 1.00 1.00
Spark 1 0.86 0.68 0.63 0.60 0.59
Myria 1 0.77 0.64 0.60 0.61 0.58
Dask 1 0.60 0.45 0.36 0.33 0.32
TensorFlow 1 0.95 0.90 0.88 0.89 0.89

(e) Neuroscience: Normalized runtime
per subject

(f) Astronomy: End-to-end
runtime

with varying data size

(g) Astronomy: End-to-end
runtime

with varying cluster size

Visits 2 4 8 12 24

SciDB 1 0.74 0.62 0.58 0.58
Spark 1 0.74 0.80 0.65 0.78
Myria 1 0.70 0.64 0.65 0.69
Dask 1 0.75 0.62 0.59 –

(h) Astronomy: Normalized runtime
per visit

Figure 2.8:Overall performance: results for end-to-end experiments for Neuroscience and As-
tronomy use cases.
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